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Abstract. The acceptance of technology is a crucial factor in successfully 
deploying technology solutions in healthcare. Our previous research has 
highlighted the potential of modelling user adoption from a range of 
environmental, social and physical parameters. This current work aims to build 
on the notion of predicting technology adoption through a study investigating 
the usage of a reminding application deployed through a mobile phone. The 
TAUT project is currently recruiting participants from the Cache County Study 
on Memory in Aging (CCSMA) and will monitor participants over a period of 
12 months.  Information relating to participants’ compliance with usage of the 
reminding application, details of cognitive assessments from the CCSMA and 
medical and genealogical related details from the Utah Population Database 
(UPDB) will be used as inputs to the development of a new adoption model. 
Initial results show, that with an unscreened dataset, it is possible to predict 
refusers and adopters with an F-measure of 0.79. 
Keywords: Technology adoption, Assistive technology, dementia, Reminding 
Technology. 
1   Introduction 
People with mild dementia generally exhibit impairments of memory, reasoning and 
thought. As a result, they require varying levels of support to complete everyday 
activities and to maintain a level of independence. Yet for many, a live in carer is 
neither practical nor affordable. Around one-third of people with dementia currently 
live alone without this caring presence [1]. Furthermore, the cost of providing such 
care is often unsustainable. Assistive technologies may provide an opportunity to 
alleviate the burden faced by Persons with dementia (PwD) and their carers, however, 
even with such a technology based solution a one size fits all solution remains elusive. 
Not everyone will be capable or willing to use the technology. Consequently, there is 
merit in considering a user’s characteristics and specific needs when determining 
whether or not to recommend a form of assistive technology. Efforts to date have 
largely focused on the issues surrounding the technology and its perceived utility [2] 
whilst largely overlooking the challenges associated with people with dementia and 
their carers. 
In this current work we aim to build upon our previous research to investigate the 
usage and adoption of a reminding application deployed through a mobile phone. This 
paper provides details of the methodology and initial results from the Technology 
Adoption and Usage Tool (TAUT) project which aims to model adoption and usage 
of assistive reminding technology for people with dementia. In section 2, a review of 
relevant research is provided prior to discussing the development and implementation 
of a smartphone app in section 3. The study protocol and initial results from the mid-
term analysis will then be presented in sections 4 and 5 respectively. This will include 
details of the profile of users who preferred not to engage with the evaluation and 
those who are currently using the application. 
2   Background 
The acceptance of technology is a crucial factor in successfully deploying 
technology solutions in healthcare and cannot be taken for granted [3]. A number of 
attempts been made to develop models aimed at predicting technology adoption [4, 5, 
6, 7]. Originally, these models focused on the concept of perceived usefulness and 
ease of use [6]. Nevertheless, with increasingly diverse user backgrounds, a variety of 
technical solutions and use context, additional aspects may be of relevance in 
understanding the reasons for adopting a technology or not [7]. A common approach 
is to separate factors that impact upon technology adoption into external 
environmental factors, such as social structures, the use environment and 
infrastructure in addition to internal personal factors such as perceived utility, 
expectations and self-esteem [8]. These types of models have, however, been 
criticized in terms of their theoretical assumptions and practical effectiveness [2].  
It is clear that there is growing academic research and societal interest in 
understanding factors that determine acceptance of assistive technologies for older 
people [9, 10, 11]. Specifically, there is demand to gain deeper insights into 
technology adoption through additional research. This is evidenced by the evaluations 
of the Whole Systems Demonstrator, which aims to build upon its existing qualitative 
evaluation in order to identify predictors of early removal of telehealth [12].  
Our previous research in the area of technology adoption models aimed to 
characterize individuals with dementia and identify features that may be relevant to 
the adoption of assistive technology [13]. Features were collected through an iterative 
design process, involving evaluations with 40 participants with dementia. Features 
included age, gender, Mini mental state exam (MMSE) score, profession, technology 
experience and environmental conditions such as access to broadband, mobile 
reception and living arrangement. Based on these features, an optimal predictive 
model was developed. Overall, the model trained using kNN classification algorithm 
on data collected from 7 features performed the best over the four evaluation criteria 
of model evaluation. The model was found to maximise the opportunity of using 
assistive technology to allow people to stay in their home for longer and can minimize 
the risk of negatively impacting of mood and quality of life of the PwD and 
minimizing the financial risk associated with investing in assistive technology for 
those who do not adopt. It was noted, however, that the prediction models may have 
been limited by the small amount of data used for training. Given the positive results 
from our previous work, the current project aims to increase the amount of data 
available to train and test the models through engagement with a larger cohort of 
individuals over a longer period of time. Furthermore, through collaborations with the 
University of Utah and Utah State University it is possible to evaluate the use of more 
types of features, which we can use to develop the models. Data from the Cache 
County Study on Memory in Aging (CCSMA) and the Utah Population Database 
(UPDB) will provide further information for each participant relating to genealogical, 
medical, vital signs, environmental factors and demographic records. 
3   Reminder application 
The TAUT reminder application benefits from 10 years of experience in the 
design, implementation and evaluation of assistive cognitive prosthetics. This system 
has been designed by a multidisciplinary team through an iterative design process and 
have been previously evaluated on a small scale with a representative cohort [14]. The 
current version of the app, described in [15], has been developed for the android 
platform and is designed to provide the user with an interface to schedule and 
acknowledged reminders for a range of daily activities including, medication, meals, 
appointments and bathing. The reminders can be set by the PwD, or by a caregiver or 
family member and are delivered at the time specified and presented as a popup 
dialog box on screen accompanied by a picture indicating the type of ADL, a textual 
description and a melodic tone. The user has a time window of 60 seconds in which to 
acknowledge the reminder, after which, the popup closes, the tone stops playing and 
the reminder is logged as ‘missed’. If acknowledged within the 60 seconds the 
reminder is logged as being ‘acknowledged’ and the popup closes. To provide 
additional functionality, the ability to record audio messages has also been included.  
In addition to providing reminders, the TAUT application records details of the 
user’s interactions. The app records information such as when the reminders are 
scheduled, when reminders are acknowledged, the type of reminder and how many 
reminders the person has missed. These details are then used to assess how well the 
user is adopting or engaging with the application in addition to providing insight into 
how the application is used; i.e. which activities the user requires the greatest 
assistance with, the most common times to receive reminders and in what form they 
prefer the reminder (text or voice). This data will facilitate the assessment of how 
users have been using the app and to what extent. Research by Hartin et al. [17] is 
investigating the context around missed reminders with the aim of providing an 
insight into why reminders were missed and the possibility of improving 
acknowledgement rates through context aware scheduling and delivery of reminders. 
4   Methods 
In order to collect the data with which to build the adoption models the project is 
actively recruiting participants from the CCSMA. The CCSMA is an ongoing 
longitudinal, population-based study of Alzheimer’s disease (AD) and other 
dementias, which has followed over 5,000 elderly residents of Cache County, Utah 
(USA) since 1995. In addition, this database has been linked to the Utah Population 
Database (UPDB) at the University of Utah, which contains genealogical, medical, 
vital signs and demographic records for each of the participants, with updates made 
annually and with full coverage of medical information for the past 20 years. 
Participants have been recruited from the CCSMA to participate within the current 
study. At least 125 people are being recruited to partake in the study, with at least 30 
participants undertaking a 12 month evaluation of the TAUT app. Some of the 125 
participants will adopt the technology; others will be categorized into 3 types of non-
adopter, as described in Fig. 1. In order to profile all types of non-adopter it is 
important to profile the users at two stages. Non-adopter (1); those who are willing to 
try the technology, however, for some reason are unable to use it are, profiled along 
with adopters using insights gained from the evaluation process. Whereas non-
adopters (2) and (3) are profiled using insights gained through questionnaires 




Fig. 1. User adoption matrix showing the various types of adopter and non-adopter. 
 
A summary of the recruitment process to date is shown in Fig. 2. Initially 335 
participants were contacted by mail. 51 of these participants refused to engage at that 
stage of the process (non-adopter 2) and 55 where deceased. The remaining 227 were 
contacted by the research team by telephone; this resulted in 98 people being 
unreachable, 90 refusing (non-adopter 2) and 41 people agreeing to participate. 
Following a telephone assessment of the 41 participants who agreed, 12 are currently 
enrolled, 9 have agreed to participate but are currently being screened and 18 have 
been successfully enrolled with two participants dropping out subsequent to 
beginning the evaluation. Sixteen where deemed ineligible (non-adopter 3) due to 




Fig.2. The recruitment process that has been undertaken and the various routes where 
adopters and non-adopters are obtained from. 
5   Results 
Using information gathered from participants who are currently enrolled within the 
study it was possible to analyze the results in a number of ways. First we considered 
the difference between participants who chose to be involved in the evaluation of the 
reminder app, following screening for eligibility, and those who refused to participate. 
To date, forty one people have agreed to participate in the study, although some may 
be ineligible due to health related factors, such as substantial memory loss. Those who 
agreed to partake are referred to as adopters, although they may later drop out or not 
engage with the technology throughout the course of the study. One hundred and forty 
one participants have refused to participate in the evaluation. These participants can, 
however, still be profiled using information from the CCSMA and the UPDB; at this 
stage these participants will be referred to as refusers. The following Sections will 
first profile each of these groups, followed by presenting the initial results from the 
process of modelling adoption or refusers. 
5.1   Profile of adopters and non-adopters 
Of the 335 (male=153, female=182) participants who screened as eligible for the 
study, the average age was 89 years. Forty one (male=23, female=18) participants 
agreed to participate in the study (Average age: 89). Two males have subsequently 
dropped out. One hundred and forty one (male=66, female=75) participants refused to 
participate in the study (average age:89). There is no statistical difference in the age 
of the two groups (p=0.28). 
5.2   Modelling adoption and refusal 
In contrast to our previous work, we assessed the ability to classify whether or not a 
person was likely to agree or refuse to participate within this research study. In order 
to develop the most suitable model for prediction, we assessed a range of popular data 
mining algorithms. We also assessed the effect of feature selection on each of these 
algorithms, using features extracted from the CCSMA dataset only. These features 
focus on health and genealogy in contrast to features in previous works, which 
focused more on perceived utility, usefulness and experience. Data from 141 refusers 
and 41 adopters was used to build and test the models. Initially, 31 features (Table 1) 
were extracted from the CCSMA. These covered a range of areas including, age, 
gender, MMSE score, employment and details of a range of health conditions. 
Information gain (IG) was used for the purposes of feature selection. Features were 
ranked from highest to lowest based on IG, where a higher IG value indicates that the 
feature provides a better discriminative power for classification. Results showed that 
only 5 features had an IG greater than 0 (Last CCSMA observation IG=0.18, APOE 
Genotype IG=0.156, Any APOE4 IG=0.145, Dementia code AD any IG=0.132 and 
Dementia code AD pure IG=0.120). APEO features describe the presence and type of 
the APEO/APEO4 gene. Features describing Dementia codes relate to the presence of 
AD or other forms of dementia.  
Table 1.  The 31 features extracted from the CCSMA database. These features where used to 
train the classification models. 
1 Gender 12 3MS score 23 Stroke first observ. 
2 Age (Years) 13 3Ms sensory adjusted (1) 24 Stroke Age 
3 Ethnicity 14 3Ms sensory adjusted (2) 25 Hypertension self-endorsed 
4 APOE Genotype 15 3Ms sensory adjusted (3) 26 Hypertension first observ. 
5 APEO4 copy number 16 Diabetes self-endorsed 27 Hypertension age onset 
6 
Any variant of 
APOE4 
17 Diabetes first observ. 28 
High Cholesterol self-
endorsed 
7 Education level 18 Diabetes age onset 29 
High Cholesterol first 
observ. 
8 
Dementia code AD 
pure 
19 Heart attack self-endorsed 30 High Cholesterol age onset 
9 Dementia code Any 20 Heart attack first observ. 31 Job category 
10 Last CCSMA observ. 21 Heart attack age   
11 CCSMA observ. date 22 Stroke self-endorsed   
 
In order to investigate the correlation between the number of features and classifier 
accuracy a 10-fold cross validation with 10 iterations was performed within Weka 
Experimenter (University of Waikato, Version 3.6.10). Using datasets containing 
subsets of 1, 2, 3, 4, 5, 10, 15, 20 and 31 ranked features. Features with the highest IG 
value were selected first. A range of recognized data mining algorithms for 
classification were selected for evaluation, namely C4.5 decision tree (DT), K-nearest 
neighbor (kNN) and Naïve Bayes (NB). To handle the data imbalance between the 
two classes, SMOTE was applied. The proportion of the data distribution was 
approximately 70% refusers and 30% adopters. The adopter minority class was 
boosted by 100%. A conventional p-value of 0.05 was used for the threshold of 
significance for a paired T-test. The F-measure was used as a performance index to 
evaluate the performance of each of the classifiers.  
Results from the analysis are presented in Fig. 3. The NB algorithm performed 
statistically worse than both the C4.5 and kNN algorithm. There was, however, no 
statistical difference between the C4.5 and the kNN. The DT achieved the highest F-
measure with an average of 0.79 when using all 31 features and 85 when using 4 
features, Last CCMS observation, APOE Genotype, Any variant of APOE4 and 
Dementia including AD any. 
 
 
Fig 3. Graph showing the average classification F-measure for a 10 fold cross validation 
with 10 iterations for the C4.5 decision tree (DT), K-nearest neighbor (kNN) and Naïve Bayes 
(NB). Results for datasets containing 1, 2, 3, 4, 5, 10, 15, 20 and 31 features are shown. 
6.   Conclusions 
Methods of predicting whether or not a user is likely to adopt an assistive technology 
may prove to be a powerful tool in successfully deploying technology solutions in 
healthcare, by reducing unnecessary costs and improving acceptance rates. This 
current work builds upon our previous research which has highlighted the potential of 
modelling user adoption from a range of environmental, social and physical 
parameters. Based on an initial analysis of an unscreened dataset, it was possible to 
predict adopters vs non-adopters with an F-measure of 0.79 using a C4.5 DT. The 
dataset was unbalanced, with 70% refusers to 30% adopters, this was in line with 
previous work [16] and the SMOTE algorithm was used to correct for this imbalance. 
Future work, will involve an in depth analysis of variables which can maximize the 
discrimination between the two classes of refusers and adopters. In addition, a closer 
examination will be made between the adopters and those who dropout. Furthermore, 
data from the CCSMA will be combined with data from the UPDB, observations from 
the evaluation and questionnaires to assess the variability in user’s perceptions, to 
provide a further insight into the situation.  
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